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ABSTRACT 
 
This research paper demonstrates the application of Taguchi method and Response surface 
Methodology (RSM) for optimization of alloyed depth in laser alloying of AISI 422 martensitic 
stainless steel. The experiment was designed and carried out on the basis of standard L9 Taguchi’s 
orthogonal array in which three laser processing parameters such as laser power, scanning speed 
and powder feed rate were arranged at three levels. The processing parameters played an 
important role in the quality of alloyed coating produced and proper control of these processing 
parameters resulted in quality alloyed depth and hardness property. From the analysis of mean 
values of variance (ANOVA) and response surface numerical analysis, the significant laser 
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processing parameters were indentified. The results showed that laser power and scanning speed 
are the most significant parameters affecting the alloyed depth of laser surface alloying (LSA), while 
the influence of powder feed rate is much minimal. 
 
 
Keywords: Alloyed depth; Taguchi method; RSM; laser parameters; ANOVA; MSS. 
 
1. INTRODUCTION 
 
Many engineering materials used in industrial 
conditions are subjected to corrosion, wear and 
fatigue attack leading to rapid surface 
degradation of the material [1]. This deterioration 
of components results in loss of plant efficiency, 
total shutdown and aggressive damage in a 
number of industries. It is for these reasons that 
hard coatings are produced on materials to 
minimize cost, energy and conserve raw 
materials [1]. 
 
Due to the high mechanical strength and 
moderate corrosion resistance exhibited by 
martensitic stainless steels (MSS), they are 
frequently used in the manufacture of pump 
propellers, pressure vessels, steam generators, 
turbines and valves [2]. These steels are mainly 
of Fe-Cr-C ternary alloy system and they derive 
strength and ductility from their unique 
microstructure which can be controlled by heat 
treatment [3,4]. MSS is an important material due 
to its remarkable flexibility in metal working and 
heat treating to produce different mechanical, 
physical and chemical properties [5]. 
Nevertheless, their use is restricted because they 
are prone to pitting corrosion in the presence of 
chloride ions and have low hardness property 
[6,7,8]. Failure of MSS during engineering 
applications due to corrosion, oxidation, friction, 
fatigue and wear is initiated from the surface 
because free surface is more prone to 
environmental degradation, and intensity of 
externally applied load is often highest at the 
surface. Therefore, there is increasing interest for 
improving the surface properties through various 
surface modification techniques [9,10,11]. 
 
Modification of surface properties plays an 
important role in optimizing a material’s 
performance for a given application. Modern 
industrial applications require materials with 
special surface properties such as high 
hardness, wear and corrosion resistance. 
Therefore, different industrial sectors need an 
alternative technique for enhanced surface 
properties. Laser surface alloying (LSA) has 
attracted substantial attention in recent years as 
an efficient method to improve the mechanical 
and chemical surface properties of engineering 
components [12]. The improvement in these 
properties by the LSA technique is achieved by 
introducing alloying materials into the laser-
melted component surface, usually in the form of 
powder. The varied choice of alloying materials 
that can be integrated by this method ensures 
that the surface properties can be modified to 
impart good wear, oxidation and corrosion 
properties [13-15]. The LSA technique for 
surface modification now has distinctive 
advantages that are well acknowledged and 
include the reduction in the grain size as a result 
of rapid cooling rates and the formation of meta-
stable structures that have unique properties 
[16]. Therefore, optimization of process 
parameters is one of the most critical stages in 
the development of an efficient and economic 
laser process. The classical method of studying 
each variable at a time can be effective in some 
cases but it is more expedient to consider 
combined effects of the process parameters 
involved [17]. 
 
Response surface model (RSM) is a powerful 
mathematical technique and statistical tool with 
an assortment of statistical methods by which 
relations between multiple process variables can 
be recognized with less experimental tests. It is 
extensively used as a method of examining and 
optimizing the operational variables for 
experimental design, test variables, model 
development and condition enhancement.  
 
Taguchi’s methods generally speed up the 
experimental process by providing a 
considerable reduction in the volume of 
experiments. The choice of the appropriate 
orthogonal array greatly affects the efficiency of 
the method [18-22]. Noorul and Jeyapaul [19] 
adopted orthogonal array, Grey interactive 
analysis in the ANOVA using Tugachi method to 
acquire the correct level of identified parameters, 
and significant correlation of parameters in order 
for the response efficiency of parameters to be 
amplified.  
 
In addendum, response surface model was 
adopted by Palanikumar et al. [23] to improve the 
efficiency of cutting parameters for surface 
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roughness by scrutinizing the variance for 
verification model. Statistical approaches provide 
instant and reliable short-listing of process 
conditions, comprehending relations amongst 
them, and a vast decrease in the overall amount 
of experiments, this result in the saving of time, 
chemicals, materials, and manpower. Regardless 
of the numerous advantages, statistical designs 
have been applied only to a restrained number of 
manufacturing processes.  
 
The present work investigates the effects of laser 
parameters such as laser power, scanning speed 
and powder feed rate on performance evaluation 
of alloyed depth and coatings. The overall aim is 
modelling and optimization of laser alloyed AISI 
422 stainless steel using Taguchi approach and 
response surface model (RSM).  
 
2. MATERIALS AND METHODS 
 
2.1 Materials Preparation  
 
2.1.1 Materials specifications and sample 
preparation method 
 
The substrate material used in the present 
investigation was AISI 422 martensitic stainless 
steel while the reinforcement powder is 
martensitic stainless steel metal powder (UNS 
S44004) with the chemical compositions given in 
Tables 1 and 2. The substrate was cut, and 
machined into dimensions 100 x 100 x 5 mm3. 
Prior to laser treatment, the substrates 
(X12CrNiMo) were sandblasted, washed, rinsed 
in water, cleaned with acetone and dried in hot 
air before exposure to laser beam to minimize 
reflection of radiation during laser processing   
and enhance the absorption of the laser       
beam radiation. Martensitic stainless steel 
reinforcement metallic powders (TLS Technik 
GmbH & Co. Bitterfeld, Germany) were used as 
alloying powder. The particle shape of the 
powder used was spherical with 45-90 µm 
particle sizes.  
 
Before characterization of the laser surface 
alloyed materials, the samples underwent 
preparation by means of sectioning to rectangles 
of 15 x 15 mm2, and clear thermosetting Bakelite 
resin was used to cold mount them for optical 
micrographs and black conductive thermosetting 
resin was utilized for SEM and energy dispersive 
spectroscopy (EDS) analysis. Specimens for 
SEM were prepared by cutting samples in such a 
way to reveal the transverse section of the 
coatings. The specimens were automatically 
ground successively using 220, 600, 1000 and 
1200 grits SiC papers. They were further 
polished using polishing cloths and diamond 
polishing suspensions of 6 to 1 μm to obtain a 
mirror-like surface. The polished surfaces were 
rinsed with distilled water and degreased with 
acetone and dried. Moreover, the substrate 
specimens were pre-heated to 330°C using a 
muffle furnace before laser alloying. After laser 
alloying, the alloyed pre-heated specimen was 
heated again at 330°C for 1 hour (post-heated) in 
order to improve the microstructural stability, 
surface properties through heat treatment.  
 
2.2 Laser Surface Alloying Procedure 
 
Laser surface alloying of the substrate (AISI 422 
martensitic stainless steel) with MSS powder 
(440C) was performed using a 3 kW continuous 
wave (CW) Ytterbium Laser System (YLS) 
controlled by a KUKA robot which controls the 
movement of the nozzle head and emitting a 
Gaussian beam at 1064 nm. The nozzle was 
fixed at a distance of 3 mm from the steel 
substrate. The admixed powders were fed 
coaxially by employing a commercial powder 
feeder instrument equipped with a flow balance 
to control the powder feed rate. Off-axes nozzle 
fitted onto the Ytterbium fibre laser was used to 
feed the metallic powder that was simultaneously 
injected into a melt pool that occurred during 
scanning of the steel substrate (AISI 422) by 
means of the laser beam. To inhibit the oxidation 
of the sample during laser surface alloying, an 
argon gas at a flow rate of 2.5 L/min was used as 
the shielding gas. Overlapping the melt tracks at 
50% was used to achieve overlapping tracks. 
 
In order to determine the best processing 
parameters, optimization tests were performed 
with the laser power of 900-1500 W and 
scanning speed varied from 0.6 to 1.0 m/min. 
MSS specimens in form of bars were heated to 
330°C using a furnace before laser alloying. The 
final selection criteria during optimization tests 
was based on surface having homogeneous 
layer free of porosity and cracks, all determined 
from optical microscope (BX51M; Olympus, Ltd) 
and SEM analysis (JSM-7600F; JOEL, Ltd). The 
optimum laser parameters used was 1000 W and 
1500 W power, 3 mm was the beam diameter, 
2.5 L/min gas flow rate, the flow rate of powder 
was 3.0 g/min and 0.6 m/min and 1.0 m/min were 
selected as the respective scanning speeds. In 
order to obtain the optimum laser processing 
parameters shown in Tables 2 and 3, the laser 
scanning speeds and constant laser power were 
altered. 
2.3 Microstructure of Alloyed Layers
 
The homogenous distribution of the alloying 
powder in the melt pool is being assisted by 
convection flow which subsequently leads to 
formation of good metallurgical bonding between 
the powder and the substrate as reported by 
Popoola and Adebiyi [24]. The depth of the 
alloyed layer achieved was (1.49 and 0.97 mm) 
for post-heat specimen, (1.49 and 0.97 mm) for 
pre-heat specimen and (1.78 and 1.10 
as-received (alloyed without heating) as shown in 
Fig. 1. The heat affected zone lies between the 
alloyed zone and the substrate and shows a 
slightly changed structure compared to the 
substrate. The shape and depth of these zones 
depend on the applied laser alloying parameters. 
It was observed that the heat affected zone was 
not pronounced, this is attributed to minimal 
thermal diffusion that took place. Popoola et al. 
[25] reported enhanced hardness and corrosion 
properties of pre-heat treatment, p
treatment of MSS by laser metal deposition. 
Laser power and scanning speed played 
important role in the enhanced properties.
 
2.4 Design of Experiment 
 
Taguchi approach and Response Surface 
Methodology were used to capture the main 
effects as well as the interaction effects. The 
three factors considered are the laser power, 
scanning speed and powder feed rate. Each of 
Fig. 1. Stereo micrographs of MSS alloyed specimens at different depth
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mm) for 
ost heat 
 
these factors was set at three levels as shown in 
Tables 3 and 4. The total number of experiments 
through Taguchi approach is calcul
according to equation 1. 
 
FLN                                        
 
Where N is the total number of experiments, L is 
the number of settings or levels, and F is the 
number of factors. In this research, L=3 and F=3;
Hence the total number of experiments according 
to Taguchi approach is 9. Design Expert 8 and 
Minitab16 software were used to design and 
analyse the Taguchi approach and Response 
Surface Methodology [RSM]. The quality 
characteristic smaller-the-better, la
or nominal-the-best has an impact on the method 
of modelling the S/N ratio [26-29]. The higher the 
better S/N ratio is adopted in this research.
 
Higher the better 
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Where n  is the number of experiments in the 
orthogonal array and iy  the 
thi  value measured. 
Table 2 displays the design of the experiment by 
the input into design Expert 8 and Minilab 16 
software. Table 5 is a representat
design experiment generated by the software.
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Table 1. Chemical composition of AISI 422 martensitic stainless steel 
 
Element Fe C Si Mn P Cr Mo Ni V N2 
Composition  
(wt %) 
Bal. 0.199 0.18 0.65 0.023 11.74 1.32 0.82 0.312 0.0381 
 
Table 2. Chemical composition of martensitic stainless steel powder (UNS S44004) 
 
Element Fe C Mo Si Cr Mn 
Composition (wt %) Bal. 1.02 0.70 0.22 17.41 0.85 
 
Table 3. Laser processing parameters and 
their levels 
 
Factors Factors 
code 
Levels 
1 2 3 
Laser power  
(kW) 
A 1.0 1.25 1.5 
Scan speed  
(m/min) 
B 0.6 0.8 1.0 
Powder feed rate  
(g/min) 
C 2 3 4 
 
Table 4. Standard L9 (3
3
) orthogonal design 
 
Order Parameters 
A B C 
1 1 1 1 
2 1 2 2 
3 1 3 3 
4 2 1 2 
5 2 2 3 
6 2 3 1 
7 3 1 3 
8 3 2 1 
9 3 3 2 
 
3. RESULTS AND DISCUSSION 
 
3.1 Taguchi Approach 
 
The Taguchi optimization technique comprises of 
the following steps: According to the formula of 
the higher the better, each S/N ratio can be 
gotten from observations. The level 
corresponding to the highest S/N ratio is chosen 
as the optimum level for each significant level. 
Through the analysis of variance (ANOVA) of the 
S/N ratios, a search for the factors that have a 
considerable impact on the S/N ratio is 
performed [30,31]. The mean value of alloyed 
depth for every experimental is shown in Table 5, 
in addition to the S/N ratios calculated by 
equation 2. Calculations were performed to 
establish the average effect of each factor on the 
quality characteristics at different levels. His 
equates to the total of all S/N ratios 
corresponding to a factor at a specific level 
divided by the number of repetitions of the factor 
level [31]. For example, the average S/N ratio of 
factor A at level 1 is calculated as being 
 
   3/734.2464.301.5 
 
 
Figs. 4 and 5 show main effect graphs are drawn 
using the values in Table 6 through Design 
Expert 6.0.6 statistical software (α=0.05) and 
Minitab 16 statistical software. Selection for the 
optimum level is based on the factor levels 
corresponding to the maximum average effect. 
Table 6 displays the average factor effect, and 
Figs. 4 and 5 illustrate the main effects plotted for 
SNR in each column. Subtraction of the largest 
value from the smallest value was used to 
calculate the delta values from Table 4. Adopting 
the higher the S/N ratio the better strategy led to 
an optimum condition for alloying. Therefore, 
A2B1C1 was found to be the optimum (Alloyed 
depth) setting. Table 7 shows a list of 
corresponding parameter values while the 
ANOVA is shown in Table 8. 
 
The model is implied to be significant, as 
attributed to the model F-value of 42.71. Noise 
gives rise to only a 2.31% chance of a “Model F-
Value” being this large. To indicate whether the 
model terms are significant, the “Prob>F” values 
should be less than 0.0500. The significant 
model terms, in this case, are A, B and A2. 
Values that are larger than 0.1000 show that the 
model terms are insignificant. Table 6 displays 
the standard deviation, R-squared (R2), Adj R-
squared. etc, which are essential for further 
analysis of the model. The “Pred R-Squared” of 
0.8432 is in reasonable agreement with the “Adj 
R-Squared” of 0.9690. To measure the signal to 
noise ratio, “Adj Precision” is used. A desirable 
ratio is one that is greater than 4. In this instance, 
the Adj Precision ratio is 18.627, which is an 
indication that the signal/noise ratio is adequate. 
Hence, it may be concluded that this model is 
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adequate, and can be used to navigate the 
design space. Main effects plots of factors can 
also be used to draw a preliminary conclusion 
about effects of factors. It can be seen from   
Figs. 2 and 3 that the alloyed depth decreased 
by increasing the scanning speed from level 1 to 
3 and also peaked at 3.7902 dB at level 2 of 
laser power before showing decrease and 
increase S/N ratios for powder feed rate factor. It 
can be deduced that increased scanning speed 
decreases the alloyed depth while S/N ratio of 
2.5138 dB was obtained at level 1 of powder 
feed rate. 
 
321
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Data Means
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Fig. 2. Main effects plot for S/N ratio 
 
Table 5. L9 orthogonal array matrix for 3 factors with average alloyed depth of experimental 
results 
 
Standard 
order 
Run 
order 
Laser power 
(Kw) 
Scanning speed 
(m/min) 
Powder feed rate 
(g/min) 
Average alloyed 
depth (mm) 
6 1 1 1 1 1.78 
5 2 1 2 2 1.49 
1 3 1 3 3 1.37 
3 4 2 1 2 1.72 
9 5 2 2 3 1.56 
8 6 2 3 1 1.38 
2 7 3 1 3 1.10 
7 8 3 2 1 0.97 
4 9 3 3 2 0.83 
 
Table 6. Response table for alloyed depth S/N ratio 
 
Source Level 1 Level 2 Level 3 Delta Rank 
Laser power 3.7355 3.7902* -0.3517 4.1419 1 
Scan speed 3.5156* 2.3539 1.3045 2.2111 2 
Powder feed rate 2.5138* 2.1853 2.4749 0.3285 3 
 
Table 7. Optimum parameters 
 
Factor (Level) Value 
A (2) Laser power (1.25 kW) 
B (1) Scanning speed (0.6 m/min) 
C (1) Powder feed rate (2 g/min) 
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Table 8. Analysis of variance (ANOVA) table for the S/N ratio of alloyed depth 
 
Source SS DF MS F-Value Prob>F % Contibution 
Model 0.86 6 0.14 42.71 0.0231 78.79 
A 0.68 2 0.34 101.75 0.0097 20.20 
B 0.17 2 0.087 26.09 0.0369 0.23 
C 0.00202 2 0.00101 0.30 0.7679 0.77 
Residual 0.00670 2 0.00334    
Cor total  8     
 
321 321
1.6
1.2
0.8
1.6
1.2
0.8
Power (kW)
Scan Speed (m/min)
Powder  Feed Rate (g/min)
1
2
3
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1
2
3
(m/min)
Scan Speed
Interaction Plot for Alloyed Depth (mm)
Data Means
 
 
Fig. 3. Interaction plot for alloyed depth 
 
3.1.1 Confirmation experiment 
 
The final step of the design of an experiment is a 
verification experiment. The purpose is to 
validate whether the optimum conditions 
suggested by the matrix experiment do present 
the improvement projected. A test with optimal 
setting of the factors and levels formerly 
assessed is conducted as the verification 
experiment. Equation 3 is used to calculate the 
predicted value S/N ratio at the optimum level.  
 
 


j
i
mim
1
                              (3) 
Where j  is the number of factors, m  the mean 
value of multiple S/N ratios in all experimental 
runs, and i  are the multiple S/N ratios 
corresponding to optimum factor levels [29,32]. 
From Taguchi’s methodology, equation (4) can 
be used to predict the alloyed depth obtainable. 
The S/N ratio calculated for the optimum level is 
as follows: 
 
     mmmm CBA   1120   (4) 
 
Where 0  is the optimum S/N ratio, and m  the 
overall mean of S/N values, 2A  the average 
value of S/N at the second level of laser power, 
1B  the average value of S/N at the first level of 
scanning speed and 1C  is the average value of 
S/N at the first level of powder feed rate. 
Substituting the values of various terms in 
equation (4), 
 
 
   
  .037.5391.2514.2
391.2516.3391.2790.3391.20
dB

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If the S/N ratio is known and we want to learn 
about the expected result that will make the S/N, 
the procedure is to back-transform S/N to find the 
performance value expected [28,33]. When the 
value 5.037dB is placed into equation 2, the 
value of alloyed depth obtained is 1.786 mm. 
Alloyed depth of other combinations can be 
derived using the same formula. To check the 
optimum results obtained through Taguchi’s 
method, confirmation trials are carried out and 
the results are tabulated in Table 9 for alloyed 
depth. From the table it is clearer that the 
predicted conditions for higher alloyed depth 
suits well with the experimental results. 
Furthermore, the optimum design (A2B1C1) was 
laser alloyed and the alloyed depth of the MSS 
was measured three times and the average of 
the results was determined as 1.775 mm which 
corresponds to 4.982dB (Table 9). This result is 
very close to that estimated by Taguchi design 
(1.786 mm/5.037 dB). The initial design is 
accepted as A1B1C1 then the S/N ratio is also 
obtained. As seen in Tables 9, the improvement 
in the alloyed depth at the optimum level is found 
to be 0.011 mm. The difference between the 
predicted value from Taguchi of Minitab software 
version 16 and the values determined by the 
experiment at the feasible optimal condition is 
0.026 mm. This demonstrates that Taguchi 
model is a suitable tool to predict alloyed depth.  
 
Table 9. Results of optimum and initial design 
for alloyed depth 
 
Design Taguchi  
prediction  
(mm) 
Experimental  
verification  
(mm) 
Initial design  
(A1B1C1) 
1.775 1.740 
Optimum design  
(A2B1C1) 
1.786 1.760 
Gain 0.011 0.020 
 
3.2 Response Surface Model 
 
Response surface model (RSM) is usually 
considered in the context of experimental design 
as a statistical method for modelling and 
analyzing of problems in which different variables 
affect a response of interest. The RSM field 
comprises of the experimental approach for 
exploring the space of the process or 
independent variables, statistical modelling that 
is empirical to create a fitting approximating 
correlation between the yield and the process 
variables, and optimization methods for finding 
the values of process variables that give the 
required values of the response [34]. The main 
objective of RSM is to find the combination of 
factor levels to achieve the optimal response. In 
the present work, the RSM is used to study the 
effects of process variables on laser alloyed 
depth quality. The result of experiment is used to 
develop the regression model by establishing a 
correlation between the process control 
parameters and laser alloyed depth.  
 
3.2.1 Numerical analysis for the response 
surface model 
 
In design expert 8 environments, the software 
presents the summary of different models and 
the appropriate model was suggested. The 
design summary presented shows the model 
type and the important properties, such as the P-
value for the lack of fit, the adjusted R-squared 
and predicted R-squared values, which are 
important for model evaluation and development. 
The first step in the model building is to select 
the appropriate model, and the model is 
analysed. The appropriate model selected in this 
research work is a quadratic model (Linear and 
squared) because it has better properties than 
any of the other types. A quadratic regression 
model is developed for alloyed depth founded on 
experimental findings utilizing MINITAB software 
of version 16.0 and Design Expert software of 
version 8.0. The response as a function of 
independent variables and their interactions was 
predicted with the aid of the model. Figs. 5 and 6 
graphically show the effects of scan speed, laser 
power and powder feed rate on alloyed depth by 
constructing the response surface and contour 
diagrams. A second-order response surface 
model equation is as follows [35]: 
 
  
  

n
i
n
i
n
ji
juiuijiuiiiuiu xxxxY
1 1
2
0  (5) 
 
Where uY is the predicted response, 0 the 
intercept coefficient, 1 the linear terms, ii the 
squared terms, ij the interaction terms, iux and 
jux are coded levels of the process control 
variables, the residual,  measures the 
experimental error of the thu   observation and 
n is the total number of designed variables 
[36,37]. The coefficients of the model for the 
corresponding response are estimated using 
regression analysis technique included in RSM. 
The response surface of alloyed depth can be 
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expressed by the following quadratic equation in 
terms of coded factors. 
 
Alloyed Depth (mm) =
22
2
01.002.0
3.002.017.029.053.1
CB
ACBA

   (6) 
 
Where, A is Laser Power (kW), B is Scan Speed 
(m/min) and C is the Powder Feed rate (g/min). 
As shown in equation 6, quadratic model is the 
most suited mathematical method for predicting 
laser alloyed depth, with Table 10 displaying the 
full regression ANOVA table for alloyed depth.  
 
Table 10 shows the ANOVA table for regression 
analysis. Analysis of variance (ANOVA) is used 
for evaluating the effects of parameters on the 
process. ANOVA finds the significant factor 
effects based on the desired confidence interval. 
This table indicates that the model estimated by 
regression procedure is significant at the α-level 
of 0.05 [38]. In this table DF is the degree of 
freedom, SS the sequential sum, MS mean 
squares, F the F-value, P the P-value. So the P-
values, which are less than 0.05 indicate the 
significance of each respective factor. Laser 
power and Scan speed are more significant and 
contributed more in the regression model for 
alloyed depth. Regression analysis is performed 
to find out the relationship between factors and 
alloyed depth. Accordingly, a second order 
polynomial best predicts the observation.                
The regression equation in terms of factors 
(Table 2) is obtained and presented as R
2
 
(=SSRegression/SSTotal) and R
2
adj. 
 
Statistical analyses are used to assess the best 
order of the polynomial. R
2
 indicates how well the 
model fits the data. These values are calculable 
for different orders of regression equations. 
Predicted R
2 
and R
2
adj are 0.9923 and 0.969, 
respectively. Larger values of predicted R2 
suggest models of greater predictive ability. 
 
The model F-value of 42.71 implies the model is 
significant. There is only a 2.31% chance that a 
“Model F-Value” this large could occur due to 
noise. Values of “Prob>F” less than 0.0500 
indicate model terms are significant. In this case 
A, B and A2 are significant model terms. Values 
greater than 0.1000 indicate the model terms are 
not significant. Table 8 shows the standard 
deviation, R-squared (R2) and R2adjusted which are 
important for further analysis of the model. The 
“Pred R-Squared” of 0.8432 is in reasonable 
agreement with the “Adj R-Squared” of 0.9690. 
“Adj Precision” measures the signal to noise 
ratio. A ratio greater than than 4 is desirable. In 
this case, the Adeq Precision ratio is 18.627 
which indicate an adequate signal/noise ratio. It 
may therefore be concluded that this model is 
adequate, and could be used to navigate the 
design space. The Final equation in terms of 
coded factors is shown in equation 5. 
 
The surface and contour plots of the interactions 
between laser power, scanning speed and 
powder feed rate are shown in Figs. 4(a-b). The 
surface and contour plots of laser power and 
scanning speed showed a very strong interaction 
between them. At high laser power and low 
scanning speed of 0.6 m/min, the alloyed depth 
produced is 1.72 mm. This is because at high 
laser power and low scanning speed there is 
sufficient power and interaction time of the laser 
and material to properly melt the powder and 
produce better surface finish. On the hand, at low 
laser power, the alloyed depth decreases with 
increased scanning speed. This is due to 
insufficient laser material interaction time. The 
surface and contour plots are shown in Figs. 4 
and 5. 
 
Table 10. ANOVA regression analysis 
 
Source DF Seq SS Adj SS Adj MS F P 
Regression 6 0.857133 0.857133 0.142856 42.71 0.0023 
Linear 3 0.679667 0.679667 0.226556 67.74 0.015 
A 1 0.504600 0.504600 0.504600 150.88 0.007 
B 1 0.173400 0.173400 0.173400 51.85 0.019 
C 1 0.001667 0.001667 0.001667 0.50 0.553 
Square 3 0.177467 0.177467 0.059156 17.69 0.054 
A
2
 1 0.176022 0.176022 0.176022 52.63 0.018 
B2 1 0.001089 0.001089 0.001089 0.33 0.626 
C
2
 1 0.000356 0.000356 0.000356 0.11 0.775 
Residual 2 0.006689 0.006689 0.003344   
Total 8 0.863822     
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a 
 
 
 
b 
 
Fig. 4(a-b). Surface and contour plots of alloyed depth against laser power and scan speed 
 
A similar interaction is also observed in the 
surface and contour plots of laser power and 
powder feed rate in Fig. 5(a-b). The high alloyed 
depth observed at high laser power and low 
powder feed rate was as a result of sufficient 
laser power for the available powder which 
resulted in the proper melting of the MSS 
substrate. While at low laser power and high 
powder feed rate there was decrease in alloyed 
depth due to insufficient laser powder to properly 
melt the high volume of powder delivered into the 
melt pool. Moreover, increased scanning speed 
and powder feed rate resulted in decreased 
alloyed depth as shown in Fig. 6(a-b). At low 
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scanning speed and low powder feed rate, 
alloyed depth was high. Whereas, at high 
scanning speed and high powder feed rate, the 
volume of powdered delivered to the melt pool 
was higher and the laser material interaction 
times was low making it impossible for proper 
melting. 
 
 
 
a 
 
 
 
b 
 
Fig. 5(a-b). Surface and contour plots of alloyed depth against laser power and powder feed 
rate 
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a 
 
 
 
b 
 
Fig. 6(a-b). Surface and contour plots of alloyed depth against speed and powder feed rate 
 
Response Optimizer function of Minitab Software 
16 was used to obtain the response optimization 
plot for laser alloying process parameters, as it 
can be seen from Fig. 7. Desirability function was 
selected to find suitable value of the factors. It is 
observed from this figure that the objective 
optimization of the response (alloyed depth) was 
achieved at laser power of 1.1263 kW, scan 
speed of 0.6 m/min and powder feed rate of 2.0 
g/min. Therefore, it can be concluded that the 
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alloyed depth during laser alloying process can 
effectively be predicted by the proposed 
empirical models (Taguchi model and RSM) and 
this is shown in Table 11. 
 
It is necessary to check the adequacy of the 
fitted model to ensure that it provides a tolerable 
approximation to the real system. Proceeding 
with optimization of the fitted response surface 
model without an adequate fit may give 
misleading results. In judging of the model 
adequacy, the residuals from the least square 
method play a crucial role. A check is made by 
constructing a normal probability plot of the 
residuals as shown in Fig. 8a. The normality 
assumption is satisfied as the residual plot 
approximated along a straight line.  Fig. 8b 
represents a residual versus predicted response 
plot. It is observed that residuals scatter 
randomly on the display, indicating that the 
variance of the original observation is constant 
for all values of response. The residual plot also 
shows how the error between the actual 
response and the predicted response of the 
model is distributed. It also gives an indication of 
how well the selected model fits. Studentized 
residual obtained by dividing the residual by an 
estimate of its standard deviation. This is a kind 
of data normalization process that helps in 
detecting outliers. The normal residuals plot 
shows that the residuals are normally distributed. 
The externally studentized residual also shows 
that the residuals are within the red lines, which 
indicates that there is no outlier. Both plots (Figs. 
8a and 8b) are satisfactory, so it can be deduced 
that the developed mathematical model is good 
enough to describe the laser alloyed depth by 
response surface methodology. 
 
Table 11. Comparison of Alloyed Depths Predicted by Taguchi model and RSM 
 
Response Taguchi RSM Experimental 
Alloyed depth (mm) 1.7859 1.8231 1.760 
 
Cur
High
Low1.0000
D
Optimal
d = 1.0000
Maximum
Alloyed 
y = 1.8231
1.0000
Desirability
Composite
2.0
4.0
0.60
1.0
1.0
1.50
Scanning Powder fLaser Po
[1.1263] [0.60] [2.0]
 
 
Fig. 7. Response optimization plot for laser alloying process parameters 
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Fig. 8a. Plot of normal percentage probability versus internally studentized residuals 
 
Fig. 8b. Plot of internally studentized residuals versus predicted response 
 
4. CONCLUSION 
 
This research presents the Taguchi approach 
and response surface model (RSM) for 
optimization of alloyed depth in laser alloyed 
matensitic stainless steel. The influence of laser 
parameters on alloyed depth has been 
examined. Methods used for experimentation 
were Taguchi technique, ANOVA and response 
surface model (RSM). From the experimental 
findings and derived analysis, it can be 
concluded that: 
 
 Well optimized process parameters and 
carefully chosen reinforcement materials 
fractions produced quality coatings. High 
residual stresses and crack formation was 
eliminated through optimization of laser 
processing parameters, leading to 
enhanced quality of the coatings,             
surface adhesion between substrate            
and reinforcement materials, and micro-
structural evolution. 
 Laser power and scanning speed have 
most significant influence on alloyed        
depth while powder feed rate has minimal 
effect.  
 The correlation between factors and 
alloyed depth was derived using a 
regression analysis and an optimum 
parameter combination for the maximum 
alloyed depth was obtained by using the 
analysis of signal-to-noise (S/N) ratios.  
 It was observed from both Taguchi model 
and RSM that the laser power could be 
kept at 1.25 kW and 1.1263 kW 
respectively, scanning speed at 0.6 m/min, 
while the powder feed rate should be kept 
at 2 g/min for optimum and quality alloyed 
depth. 
 The response surface and Taguchi models 
developed show that a predictive model 
could be employed to determine the 
influence of processing parameters on the 
alloy depth alloyed of MSS for engineering 
applications. The predictive model 
developed served as a powerful tool used 
for the effective control of the process, and 
the achievement of desired component’s 
properties. 
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